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Abstract: Vegetation phenology is a crucial biological indicator for monitoring changes in terrestrial
ecosystems and global climate. Currently, there are limitations in using traditional vegetation indices
for phenology monitoring (e.g., greenness saturation in high-density vegetation areas). Solar-induced
chlorophyll fluorescence (SIF), a novel remote sensing product, has great potential in depicting
seasonal vegetation dynamics across various regions with different vegetation covers and latitudes.
In this study, based on the GOSIF and MODIS NDVI data from 2001 to 2020, we extracted vegetation
phenological parameters in Northeastern China by using Double Logistic (D-L) fitting function and
the dynamic threshold method. Then, we analyzed the discrepancy in phenological period and
temporal trend derived from SIF and NDVI data at multiple spatiotemporal scales. Furthermore, we
explored the response of vegetation phenology to climate change and the persistence of phenological
trends (Hurst exponent) in Northeastern China. Generally, there is a significant difference in trends
between SIF and NDVI, but with similar spatial patterns of phenology. However, the dates of key
phenological parameters are distinct based on SIF and MODIS NDVI data. Specifically, the start of
season (SOS) of SIF started later (about 10 days), and the end of season (EOS) ended earlier (about
36 days on average). In contrast, the fall attenuation of SIF showed a lag process compared to
NDVI. This implies that the actual period of photosynthesis, that is, length of season (LOS), was
shorter (by 46 days on average) than the greenness index. The position of peak (POP) is almost the
same between them. The great difference in results from SIF and NDVI products indicated that
the vegetation indexes seem to overestimate the time of vegetation photosynthesis in Northeastern
China. The Hurst exponent identified that the future trend of SOS, EOS, and POP is dominated by
weak inverse sustainability, indicating that the future trend may be opposite to the past. The future
trend of LOSSIF and LOSNDVI are opposite; the former is dominated by weak inverse sustainability,
and the latter is mainly weak positive sustainability. In addition, we speculate that the difference
between SIF and NDVI phenology is closely related to their different responses to climate. The
vegetation phenology estimated by SIF is mainly controlled by temperature, while NDVI is mainly
controlled by precipitation and relative humidity. Different phenological periods based on SIF and
NDVI showed inconsistent responses to pre-season climate. This may be the cause of the difference in
the phenology of SIF and NDVI extraction. Our results imply that canopy structure-based vegetation
indices overestimate the photosynthetic cycle, and the SIF product can better track the phenological
changes. We conclude that the two data products provide a reference for monitoring the phenology
of photosynthesis and vegetation greenness, and the results also have a certain significance for the
response of plants to climate change.
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1. Introduction

Vegetation phenology refers to the periodic phenomena such as germination, leaf
spreading, flowering, and defoliation of vegetation in the process of growth influenced
by climate and other driving factors [1], which can reflect the interaction of vegetation
phenological parameters in the abiotic environment [2,3]. By controlling seasonal changes
in vegetation and physiological functions such as photosynthesis, changes in vegetation
phenology can affect the structure and function of ecosystems [4]. The change in vegetation
phenology affects the structure and function of ecosystems and climate change. Therefore,
it is crucial to monitor vegetation phenology changes, due to the variety of vegetation types,
high plant coverage, and sensitivity to climate change in Northeastern China. Thus, the
study of vegetation phenology in this region is of great significance for understanding the
response of phenology to climate change.

Satellite remote sensing data can provide effective information on vegetation phe-
nology at multiple scales, and have become an outstanding tool for monitoring surface
phenology. Traditional vegetation indices [5,6], such as the Normalized Difference Veg-
etation Index (NDVI), Enhanced Vegetation Index (EVI), and Leaf Area Index (LAI), are
widely used in vegetation phenology research [7,8]. However, vegetation indices have
some uncertainties in characterizing vegetation phenology. On the one hand, it is difficult
to accurately capture the greenness of the vegetation canopy due to the influence of snow
and bare rock on the vegetation index signal [7,9–11]. On the other hand, the vegetation
index is usually related to the morphological characteristics of the vegetation canopy. There
is an inconsistency between the morphological characteristics of the vegetation canopy
and the physiological characteristics of the vegetation, which results in the accuracy of
phenology analysis based on the morphological changes in the vegetation canopy [12–14].

As a complement to the vegetation index, Solar-induced chlorophyll fluorescence (SIF)
offers new possibilities for monitoring vegetation function spatially. SIF is the spectral sig-
nals emitted by vegetation under light conditions through photosynthesis at wavelengths
of 650–800 nm in the red band (around 690 nm). There are two peaks in the near-infrared
band (around 740 nm), and the data are insensitive to both atmospheric and cloud scatter-
ing, which can directly reflect the dynamic changes in the photosynthesis of vegetation.
Thus, SIF has a stronger physiological basis compared with traditional vegetation indices.
With the continuous development of observation satellites such as GOSAT, GOME-2, and
OCO-2, it is possible to invert SIF and monitor vegetation phenology studies on a global
scale. However, the current studies based on SIF mainly focus on the consistency analysis
between SIF and Gross Primary Productivity (GPP) and the comparison of SIF with other
indicators [15,16], rather than the calculation of vegetation phenology values using SIF. In
addition, previous studies [17] have been conducted mainly on a global scale and in larger
study areas. The relationship between SIF and vegetation indices changes with the change
in spatial resolution and the increase in global temperature.

Vegetation phenology in the high latitudes of the northern hemisphere shows a trend
of earlier rejuvenation and later yellowing in recent years. In addition, the stress of abiotic
factors (temperature, precipitation, relative humidity, etc.) leads to a complex spatiotempo-
ral pattern of vegetation phenology. Located in the middle and high latitudes, Northeastern
China has high vegetation cover and is highly sensitive to climate change, which is an ideal
region for studying vegetation growth and phenological changes. Therefore, this paper
uses SIF and NDVI data to estimate the vegetation phenology in Northeastern China from
2001 to 2020, and focuses on the following issues: (1) the spatiotemporal distribution of
vegetation phenology in the context of climate change; (2) the change patterns of different
vegetation types; and (3) the main driving forces of different vegetation phenology changes.
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This paper has a positive significance in monitoring the potential of vegetation for photo-
synthetic phenology and exploring the environmental impact mechanism of vegetation
phenology through SIF.

2. Materials and Methods
2.1. Study Area

The study region is located in Northeastern China (115◦05′~135◦09′ E, 38◦40′~53◦34′ N),
the topography of the region is complex, and the administrative divisions include the
provinces of Heilongjiang, Jilin, and Liaoning, as well as the central-eastern part of Inner
Mongolia. This area belongs to the temperate continental monsoon climate, with warm
and rainy summers and cold and dry winters [18]. According to the spatial differences
of topography and hydrothermal conditions, the vegetation types in the region [19] are
mainly divided into the following eight types (Figure 1): cultivated vegetation (central and
eastern Sanjiang plains), scrub, grassland (sporadically distributed in the southwest), steppe
(Hulunbuir and southern Daxinganling), meadow (central-eastern part), coniferous forest
(northern Daxinganling), broad-leaved forest (Xiaoxinganling and Changbai Mountain),
and mixed coniferous and broad-leaved forest (sporadically distributed in Xiaoxinganling
and Changbai Mountain).
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Figure 1. Maps of topographic (a) and vegetation types (b) in Northeastern China.

2.2. Data Sources and Reprocessing
2.2.1. SIF Datasets

The SIF data used in this study are a long time series dataset for 2001–2020 [20]
Global “OCO-2” SIF (GOSIF) (http://globalecology.unh.edu, accessed on 1 September
2022), with a temporal resolution of 8 d and a spatial resolution of 0.05◦. Solar-induced
chlorophyll fluorescence is mainly through discrete OCO2-SIF data, MODIS surface reflec-
tion data, and meteorological reanalysis data in a data-driven model calculation [21,22]. It
is better than traditional vegetation indices in characterizing the vegetation dynamics of
surface ecosystems.

2.2.2. NDVI Datasets

The MODIS data (MOD13Q1) used in this study are derived from the longtime series
vegetation index dataset from 2001 to 2020 provided by the LAADS DAAC data center
(https://search.earthdata.nasa.gov, accessed on 1 September 2022), with a temporal resolu-
tion of 16 d and a spatial resolution of 250 m. The data contained noise due to environmental
conditions, sensor accuracy, etc. Therefore, the NDVI data are processed by de-clouding,
aerosol, and masking. Finally, the time series NDVI dataset is generated.

http://globalecology.unh.edu
https://search.earthdata.nasa.gov
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2.2.3. Meteorological Data

Meteorological data from 2001 to 2020 were used to analyze the effects of climate
factors on vegetation phenology in Northeastern China, including temperature (Temp),
precipitation (Prcp), and relative humidity (RH). The temperature and precipitation data for
the monthly precipitation dataset and mean air temperature datasets are from the monthly
precipitation dataset and the average temperature dataset provided by the National Tibetan
Plateau Scientific Data Center [23–25] (http://data.tpdc.ac.cn/, accessed on 1 September
2022). This dataset [26] is generated by the Delta spatial downscaling scheme in China,
based on the global 0.5◦ climate dataset published by Climatic Research Unit (CRU) and
the global high-resolution climate dataset published by WorldClim. Additionally, it uses
496 independent weather observation point data for validation, whose results are credible.
The relative humidity data were obtained from the monthly average relative humidity
of 1 km provided by the National Science Center (http://www.geodata.cn/, accessed on
1 September 2022), a national platform for basic conditions of science and technology.

2.2.4. Data of Vegetation and Topography

Vegetation data are from the Vegetation Map of the People’s Republic of China
(1:1,000,000) [19] (http://www.resdc.cn/data.aspx?daTa1d=122, accessed on 1 September
2022). The vegetation classification criteria based on the vegetation community appearance,
dominant species composition, and ecogeographical characteristics are adopted in accor-
dance with the characteristics of the Chinese class distribution of the vegetation and the
ecological geography, which provides important basic work for ecology and geography
research and guiding ecological construction.

Geographic Digital Elevation Model (Digital Elevation Model, DEM) is derived from
ASTER GDEM V2 version of digital elevation data product with spatial resolution of 30 m,
provided by Geospatial Data Cloud site, Computer Network Information Center, Chinese
Academy of Sciences (http://www.gscloud.cn/, accessed on 1 September 2022).

2.3. Research Methods
2.3.1. Phenology Extraction

The SIF time series with noise and outliers removed can be used to invert the vegetation
phenology with higher accuracy and more reliable results. Based on the Double Logistic
(D-L) fitting method [27], we fit the SIF time series curves from 2001 to 2020 in Northeastern
China (Figure 2). Combined with the curve fitting characteristics, the vegetation regreening
period was set at 10% on the left side of the curve [28–30], and the withered period was set
at 50% on the right side. The dynamic [31] threshold method was used to extract vegetation
phenology in Northeastern China. The start of season (SOS), end of season (EOS), length of
season (LOS), and position of peak (POP) were selected as the discriminant parameters of
vegetation phenology in the study area.

2.3.2. Trend Analysis

Simple linear regression is used to analyze the temporal trends of vegetation phenology
parameters in Northeastern China, calculated as follows:

Slope =∑n
i=1 (i×Yi)−∑n

i=1 i∑n
i=1 Yi

n∑n
i=1 i2 − (∑n

i=1 i)2 (1)

where i denotes the year, n denotes the number of samples (n =20), and Yi denotes the
vegetation phenology parameter values for the year i. If Slope < 0, there is an advance
(shortening) trend, abbreviated as AT; if Slope > 0, there is a delayed (increasing) trend,
abbreviated as DT.

http://data.tpdc.ac.cn/
http://www.geodata.cn/
http://www.resdc.cn/data.aspx?daTa1d=122
http://www.gscloud.cn/
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Figure 2. Double Logistic (D-L) filtering of SIF time series in Northeastern China during 2001–2020
(a); D-L filtering of SIF time series in 2005 (b); D-L filtering of SIF time series in 2010 (c); D-L filtering
of SIF time series in 2015 (d); D-L filtering of SIF time series in 2020 (e).

2.3.3. Persistence Analysis

Hurst Index (H) [32] is one of the main methods for quantitative description of long-
range dependence, which is widely used in hydrology, climate, earthquakes, and geology.
Later, it was gradually applied to remote sensing and vegetation [33–36]. In this study, R/S
analysis method was adopted to calculate the change trend of vegetation phenology in
Northeastern China by pixel to reflect the persistence of the change trend. The value range
of H is between [0 and 1], and the strength of vegetation phenology persistence can be
judged by the size of the H value. The value of H is generally divided into three forms:
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(1) When 0.5 < H < 1, which indicates that the time series is sustainable or persistent with
the past long-term change; the greater the H value, the stronger the sustainability
or persistence;

(2) When H = 0.5, which indicates that the time series is random and long-term correlation
does not exist;

(3) When 0 < H < 0.5, which indicates that time series has anti-sustainability or opposite
direction with the past long-term change; the smaller the H value, the stronger the
anti-sustainability.

On this basis, the H value of vegetation phenological time series in Northeastern
China is divided into four types: strong anti-sustainability (0.15 ≤ H < 0.35), abbreviated
as SAS; weak anti-sustainability (0.35 ≤ H < 0.5), abbreviated as WAS; weak sustainability
(0.5 < H < 0.75), abbreviated WS; strong sustainability (H ≥ 0.75), abbreviated SS.

The change trend of vegetation phenological parameters and sustainability results
were superimposed to obtain the change trend–sustainability results shown in Table 1.

Table 1. Classification of future trends of vegetation phenology in Northeastern China.

Trend/Sustainability SAS WAS WS SS

AT AT-SAS AT-WAS AT-WS AT-SS
DT DT-SAS DT-WAS DT-WS DT-SS

2.3.4. Correlation Analysis

The degree of correlation between variables is usually expressed by the correlation
coefficient R. In this paper, Spearman’s correlation coefficient was used to study the correla-
tion between vegetation phenology parameters and meteorological factors (Temp, Prcp,
and RH) at pixel scale, calculated as follows:

RXY =
Cov(X, Y)√
D(X)

√
D(Y)

(2)

where Cov(X, Y) denotes the covariance between the variable X and Y, and D(X) and
D(Y) denote the variance for X and Y

The range of values for R is [–1, 1]. If R > 0, there is a positive correlation between
variables; that is, one variable increases as the other increases. If R < 0, it means that the
two are negatively correlated.

3. Results
3.1. Spatial Distribution of Vegetation Phenology

We retrieved vegetation phenology parameters from 2001 to 2020 in Northeastern
China using SIF and MODIS NDVI, then estimated the multi-annual mean of each pixel for
spatial analysis (Figure 3). The results showed that there were significant differences be-
tween the phenology results based on SIF and NDVI data. The SOSSIF mainly concentrated
on days 113–170 (Figure 3a), with an area share of 97.9%; the SOSNDVI mainly concentrated
on days 110–157 (Figure 3b), with an area of 93.4%. The SOSSIF and the SOSNDVI of the
vegetation were higher in the central plain and the eastern Sanjiang plain than in other
areas. The EOSSIF was mainly concentrated on days 240–265 (Figure 3c), with an area of
96.6%, and the EOSSIF were predated in the coniferous forests in northern Daxinganling and
the broad-leaved forests in Xiaoxinganling than in other areas. The EOSNDVI was primarily
focused on days 278–299 (Figure 3d), with an area of 91.3%, and the EOS of Hulunbuir was
the latest. The LOSSIF was mainly concentrated on days 83–149 (Figure 3e), accounting for
96.6% of the total area. The LOSNDVI was mainly concentrated on days 130–191 (Figure 3f),
with an area of 92.4%. They first occurred in Songliao and Sanjiang Plain. The POPSIF
was mainly concentrated on days 190–226 (Figure 3g), accounting for 97.7% of the total
area. The POPNDVI was primarily concentrated on days 202–228 (Figure 3h), accounting
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for 94.0% of the total area, with the POPSIF and the POPNDVI occurring most recently in
southern Daxinganling, Songliao, and Sanjiang plains.
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Figure 3. Spatial distribution of multi-year mean vegetation phenology based on SIF and NDVI
in Northeastern China from 2001 to 2020. (a) SOS (start of season) extracted by SIF(SOSSIF);
(b) SOS extracted by NDVI(SOSNDVI); (c) EOS (end of season) extracted by SIF(EOSSIF); (d) SOS
extracted by NDVI(EOSNDVI); (e) LOS extracted by SIF(LOSSIF); (f) LOS (length of season) extracted
by NDVI(LOSNDVI); (g) POP (position of pop) extracted by SIF(POPSIF); (h) POP extracted by
NDVI(POPNDVI).
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By calculating the average of the phenological indicators in the study area (Table 2).
The results showed that the SOSSIF was closer to the SOSNDVI, which was about 10 days
later than the latter. The mean value of the EOSSIF predated the EOSNDVI by about 40 days.
The LOSSIF was generally shorter than the LOSNDVI because the EOSSIF was generally more
advanced than the EOSNDVI. The POPSIF was nearly consistent with the POPNDVI.

Table 2. Average values of the phenological parameters and the change trends based on SIF and
NDVI in Northeastern China from 2001 to 2020.

Phenological Parameters Data Type Mean Value/d Change Trend Mean/d

SOS
SIF 138 −0.24

NDVI 128 2.09

EOS
SIF 254 0.07

NDVI 290 0.47

LOS
SIF 116 0.30

NDVI 162 −1.61

POP
SIF 210 −0.13

NDVI 214 −0.07

The multi-year phenological mean values of different vegetation types in Northeastern
China from 2001 to 2020 were analyzed (Figure 4). It can be seen that the SOSSIF of
Grassland (GL) was more advanced than the SOSNDVI, while the SOSSIF of other vegetation
was later than the SOSNDVI. Meadow (MD) SOSSIF and SOSNDVI had the largest difference,
17 days in advance, while the difference between Scrub (SC) SOSSIF and SOSNDVI was the
smallest and advanced by only 1 day. The EOSSIF of all vegetation was earlier than the
EOSNDVI, and the LOSSIF was shorter than the LOSNDVI, among which the EOSSIF of GL
was 12 days ahead of the EOSNDVI, and the LOSSIF was 20 days shorter than the LOSNDVI.
The EOSSIF was 43 days ahead of the EOSNDVI in Conifer broad-leaved mixed forest (Mix
B-C), and the LOSSIF was 50 days ahead. The POPSIF of all vegetation types was within
10 days ahead of the POPNDVI, which was more consistent.

3.2. Trends in Vegetation Phenology

The trend analysis of vegetation phenology indicators in Northeastern China from
2001 to 2020 (Figure 5). The findings revealed that the trends of the SOSSIF and the SOSNDVI
in western Hulunbuir, northern Daxinganling, and Changbai Mountain were diametrically
opposed, with the former showing a weak delayed trend and the latter showing a weak
advanced trend. Both the EOSSIF and the EOSNDVI showed a delayed trend in southern
Daxinganling and Liaohe Plain. The vegetation EOSSIF showed an opposite trend to the
EOSNDVI in other areas; the former showed a predated trend, and the latter showed a
delayed trend. Advance (delay) of the SOS and delay (advance) of the EOS would lead
to prolonging (shortening) of the LOS accordingly. Therefore, the trend of the LOSSIF and
the LOSNDVI in each region is consistent with that of the EOS. That is, the LOSSIF and the
LOSNDVI both showed a delayed trend in southern Daxinganling and Liaohe Plain, while
the LOSSIF showed an advanced trend and the LOSNDVI showed a delayed trend in other
regions. The POPSIF and the POPNDVI showed a delayed trend in Hulunbeier, southern
Daxinganling, and parts of Liaohe Plain, while the POPSIF showed an early trend and the
POPNDVI showed a weak delayed trend in other regions.

By calculating the average of trends in different phenological indicators in the study
area (Table 2), the SOSSIF had an overall advanced trend, and the trend of the SOSNDVI was
delayed, both of which were contrary. The EOSSIF and the EOSNDVI showed a latency trend.
However, the delayed trend of the EOSNDVI was more pronounced. The advancement of
the SOSSIF and the delay of the EOSSIF led to an overall trend of prolongation of the LOSSIF.
The delayed trend of the SOSNDVI was much larger than that of the EOSNDVI, so the total
trend of the LOSNDVI was shortened. The POPSIF was consistent with the POPNDVI, and
both indicated a weak trend of advance.
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Figure 4. Phenology of different vegetation types in Northeastern China from 2001 to 2020. (a) SOS
of different vegetation types based on SIF and NDVI; (b) EOS of different vegetation types based on
SIF and NDVI; (c) LOS of different vegetation types based on SIF and NDVI; (d) POP of different
vegetation types based on SIF and NDVI (CV: cultivated vegetation; GL: grassland; MD: meadow;
SC: scrub; SP: steppe; CF: coniferous forest; BF: broad-leaved forest; Mix B-C: conifer-broad leaved
mixed forest).
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Figure 5. Spatial pattern of vegetation phenology trends in Northeastern China from 2001 to 2020.
(a) SOS extracted by SIF (SOSSIF); (b) SOS extracted by NDVI (SOSNDVI); (c) EOS extracted by SIF
(EOSSIF); (d) SOS extracted by NDVI (EOSNDVI); (e) LOS extracted by SIF (LOSSIF); (f) LOS extracted
by NDVI (LOSNDVI); (g) POP extracted by SIF (POPSIF); (h) POP extracted by NDVI (POPNDVI).

3.3. Future Sustainability Analysis in Vegetation Phenology

The H values of vegetation phenology parameters in Northeastern China were esti-
mated using SIF and NDVI products at the pixel scale from 2001 to 2020. (Figure 6). The
H-mean of the SOS, EOS, and POP based on SIF and NDVI for the whole Northeastern area
was in the range of 0.43–0.49, indicating weak anti-sustainability, accounting for 60.85%,
58.8%, and 59.3%. In contrast to the LOSNDVI, the average H of the LOSSIF was 0.45, which
mainly showed weak anti-sustainability (61.3%), while the average H of the LOSNDVI was
0.51, mainly showing weak sustainability (49%).

To further reveal the future sustainability of vegetation phenology trends, we overlaid
the trends with the sustainability outcomes (Figure 7). The results showed that the SOSSIF
was mainly dominated by AT-WAS (52.6%) and AT-WS (20.4%). The SOSNDVI was mainly
dominated by DT-WAS (48%) and DT-WS (43.03%). Most vegetation EOSSIF and EOSNDVI
were dominated by DT-WAS, with 35.85% and 42.64%, respectively. Then, the EOSSIF was
AT-WS with 20.4%, and the EOSNDVI was DT-WS with 30.49%. Most vegetation LOSSIF was
dominated by DT-WAS (42.6%), while the LOSNDVI was dominated by AT-WAS (37.85%)
and AT-WS (44.09%). The future trends of vegetation POPSIF and POPNDVI were consistent,
dominated by AT-WAS (43.6%, 37.56%) and DT-WAS (16.5%, 23.88%).
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Figure 6. Spatial pattern of vegetation phenology parameter persistence in Northeastern China from
2001 to 2020. (a) SOS extracted by SIF (SOSSIF); (b) SOS extracted by NDVI (SOSNDVI); (c) EOS
extracted by SIF (EOSSIF); (d) SOS extracted by NDVI (EOSNDVI); (e) LOS extracted by SIF (LOSSIF);
(f) LOS extracted by NDVI (LOSNDVI); (g) POP extracted by SIF (POPSIF); (h) POP extracted by NDVI
(POPNDVI).
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Figure 7. Proportion of future change trend of vegetation phenology in Northeastern China. (a) Pro-
portion of future change trend of vegetation phenology based on SIF; (b) proportion of future
change trend of vegetation phenology based on NDVI (advance-strong anti-sustainability: AT-SAS;
advance-weak anti-sustainability: AT-WAS; advance-weak sustainability: AT-WS; advance-strong
sustainability: AT-SAS; delayed-strong anti-sustainability: DT-SAS; delayed-weak anti-sustainability:
DT-WAS; delayed-weak sustainability: DT-WS; delayed-strong sustainability: DT-SS).

3.4. Response of Phenology to Climate Change

We selected three climatic factors: temperature, precipitation, and relative humidity, to
analyze the response mechanism of vegetation phenology (Figure 8). Temperature showed
a slight upward trend, but the trend was not significant from 2001 to 2020 in Northeastern
China. The increase in temperature was 1.02 ◦C in 20 years, with an average rate of
0.02 ◦C/year. Precipitation showed a clear upward trend up to about 163.88 mm, with an
average rate of 5.08 mm/year. Relative humidity showed an obvious rising trend, with an
increase of 6.67% in relative humidity over 20 years, at an average rate of 0.24%/year.
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3.4.1. Correlation between Climate Factors and Phenology of Different Vegetation Types

The correlation between climatic factors (Temp, Prcp, RH) and phenological parame-
ters (SOS/EOS/LOS/POP) of different vegetation types based on two variables (SIF/NDVI)
was analyzed (Figure 9). Temp was the most important factor affecting the SOS and LOS of
GL, and the EOS and POP of SP. The SOS and LOS of SP, the LOS of SP, and the EOS and
POP of GL all have the strongest response to Prcp. The effect of RH on the SOS of BF, the
EOS and POP of CF, and the LOS of Mix B-C was most significant. There are significant
differences in the correlation between different vegetation types and climate factors, includ-
ing the EOSGL and EOSSC, LOSSP, LOSCF, and LOSBF and LOSB-C. The POPGL, POPSC, and
POPSP were more consistent with climatic factors than the rest of the vegetation types. In
particular, the correlations of the POPSIF and POPNDVI with meteorological factors were
closer for SC than for other vegetation types.
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Figure 9. Correlation between phenology and climate factors of different vegetation types in North-
eastern China from 2001 to 2020. (a) Correlation between SOS and climate factors based on SIF
and NDVI; (b) correlation between EOS and climate factors based on SIF and NDVI; (c) correlation
between LOS and climate factors based on SIF and NDVI; (d) correlation between POP and climate
factors based on SIF and NDVI.

In general, the SOS was more sensitive to climate change than other phenological
parameters. By comparing the results of SIF and MODIS, we found that the effect of Prcp
and RH on the SOSNDVI was much greater than that of the SOSSIF, as well as the LOS by
comparing the findings of SIF and MODIS. The EOSSIF responded to the climate better.
Temp and RH were more correlated with the POPSIF than the POPNDVI.

3.4.2. Response Analysis of Vegetation Phenology to Climate Factors at Different Scales

In order to more accurately analyze the response degree of vegetation phenology to
Temp, Prcp, and RH, we correlated vegetation phenology with pre-season climate factors
(Figure 10). The results showed that the correlation between the phenological parameters
estimated by SIF and NDVI data and the pre-season climate was different. The SOSSIF was
mainly affected by the RH in March and April, and higher RH would lead to the advanced
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SOS. The correlation between the SOSNDVI and the pre-season climate was consistent,
among which it was positively correlated with the Temp, and negatively correlated with
Prcp and RH. The correlation between the EOSSIF and Temp was the highest. The EOSNDVI
had a higher correlation with Prcp and RH, both of which were positively correlated. The
LOSSIF was mainly influenced by Prcp and RH. The LOSNDVI was negatively correlated
with Temp, but positively correlated with Prcp and RH. The POPSIF and POPNDVI had
the same response to climate factors, mainly affected by Temp and RH, and the response
mechanism was the opposite.
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Figure 10. Correlation between vegetation phenological indicators and pre-seasonal climatic factors
in Northeastern China. (a) Correlation between SOSSIF and pre-season; (b) correlation between
SOSNDVI and pre-season; (c) correlation between EOSSIF and pre-season; (d) correlation between
EOSNDVI and pre-season; (e) correlation between LOSSIF and pre-season; (f) correlation between
LOSNDVI and pre-season; (g) correlation between POPSIF and pre-season; (h) correlation between
POPNDVI and pre-season.
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We investigated the spatial distribution of monthly climatic impacts on phenology at
the pixel scale (Figure 11). We found that the vegetation SOSSIF in the north and east was
primarily influenced by February Temp and April Prcp, but the overall SIFNDVI was most
closely associated with March and April Temp, as well as Prcp in February, March, and
April. The central plains and Hulunbuir grassland EOSSIF was most strongly associated
with July Temp and August Prcp, but the vegetation EOSNDVI was primarily affected by
August Temp, Prcp of May and June, and RH of June and August. The LOSSIF was most
strongly related to July Temp, May Prcp, and RH in the central plains and Hulunbuir
grassland, while the LOSNDVI was most strongly related to June and August Temp, except
in northern Daxinganling, the Sanjiang plain, and the southern Changbai Mountain, where
it was primarily affected by May Prcp and RH. The vegetation POPSIF was influenced
mostly by May Temp, Prcp of March and June, and RH of March and April. The POPNDVI
was influenced primarily by March and May temperature, March and June Prcp, and April
and June RH.
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Figure 11. The spatial distribution of the month with the maximum correlation between pre-season
climate and phenological metrics in Northeastern China. (a) Month with maximum correlation
between pre-season climate and SOS based on SIF and NDVI; (b) month with maximum correlation
between pre-season climate and EOS based on SIF and NDVI; (c) month with maximum correlation
between pre-season climate and LOS based on SIF and NDVI; (d) month with maximum correlation
between pre-season climate and POP based on SIF and NDVI.

4. Discussion
4.1. Comparison of SIF and NDVI in Each Vegetation Type

The fitted curves of each vegetation type in Northeastern China were obtained by
extracting the phenology curves of MODIS NDVI and SIF data (Figure 12). The results
demonstrated that the NDVI and SIF curves in each vegetation type exhibited obvious
variation characteristics with a complete single-peaked distribution, but there were some
differences in the curve morphology, which resulted in significant variations in the phe-
nological nodes that were produced. The NDVI time series curves of all vegetation types
entered the spring onset early (except GL) and ended later. The peaks are gentler, especially
in CF, BF, and Mix B-C, which have wider peaks, and the maximum values are relatively
blurred. In contrast, the peaks of SIF time series curves were narrower in all vegetation
types, and their growth peaks were more clearly defined. All of these resulted in longer
and flatter LOSNDVI than LOSSIF for all vegetation types. This could be a result of the fact
that SIF contains data on the stress states that are represented by both solar radiation and
fluorescence efficiency. SIF data can successfully track variations in plant growth conditions
over a large range induced by vegetation photosynthetic rate for the same vegetation
index of greenness. As a result, SIF may be more sensitive to the inversion of vegetation
phenology in Northeastern China.

4.2. Interannual Variation of Phenological Parameters Based on SIF and NDVI

Vegetation phenology was estimated using SIF and NDVI products in Northeastern
China, and interannual changes were compared (Figure 13). The results suggested that
there were significant differences between the phenological dates estimated by SIF and
MODIS NDVI. The SOSSIF showed a weak advanced trend, and the SOSNDVI showed a
significant delayed trend. The EOSSIF showed a delay over time, which was consistent
with the EOSNDVI trend, but the latter was more significant, and the EOS ended later. The
changes in the SOS and EOS led to the prolongation of the LOSSIF and the significant
advance of the LOSNDVI. However, the LOSSIF was still shorter than the LOSNDVI. Both the
POPSIF and the POPNDVI had a downward trend, and the fluctuation state was first up and
then down. The differences may be due to the large differences in seasonal cycles between
leaf indices and photosynthesis [37]. Furthermore, the NDVI signal was easily affected
by weather, such as clouds and snowfall, and the SIF signal was not affected by these
factors [38], resulting in a large gap between the phenology estimated by SIF and NDVI.
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Despite there being significant differences in time series between SIF and NDVI prod-
ucts, we also found some similarities in spatial patterns (Figure 3), which proved that SIF
was reliable for monitoring vegetation phenology. Therefore, both SIF and NDVI products
can be used to track temporal changes in vegetation phenology over the past decades.

4.3. Environmental Response Mechanism of Vegetation Phenology

Air temperature is the basic requirement for vegetation growth and plays an important
role in the development of vegetation. However, most of the vegetation energy is obtained
through photosynthesis by sunlight [39]. Previous studies have also indicated the impor-
tance of solar radiation on phenology; that is, a longer photoperiod can extend the LOS of
vegetation by prolonging the fall phenology and lengthening the growth season [40]. Vege-
tation needs sufficient cooling accumulation to enter the dormant winter phase and requires
enough solar radiation to initiate vegetation growth, yet a warmer winter can cause vege-
tation to take longer for cooling accumulation, thus delaying phenological events [41–43].
Consequently, the effects of solar radiation on phenology should be considered when
studying the environmental influence mechanisms of vegetation phenology.

4.4. Uncertainty Analysis

There are uncertainties in the spatial resolution of SIF data to track vegetation phenol-
ogy in Northeastern China, and the coarse spatial resolution of GOSIF data (0.05◦ × 0.05◦)
used in this paper has some limitations in trackin0.05◦ × 0.05◦g phenology. However, it
has been demonstrated that the GOSIF dataset has enormous potential for monitoring
vegetation phenology and can assess the vegetation growth cycle more precisely than the
traditional vegetation indices [44]. At the same time, GPP should be added as a covariate
that may make the results more accurate and convincing.
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5. Conclusions

Vegetation phenology has entered a stage of merging related disciplines and applying
new approaches due to the growth of phenological observation techniques. We extracted
vegetation phenology parameters from SIF and MODIS NDVI data in Northeastern China
and compared spatial patterns and climatic response mechanisms to test the viability
of SIF data in phenology estimation. The results showed that the greening stage of SIF
started later (about 10 days), the yellowing stage ended earlier (about 36 days), and the
growth peak of SIF was slightly earlier than NDVI. Although there are some differences
in phenological dates between SIF and NDVI, their spatial distribution and future trend
have some similarities. In addition, the vegetation phenology estimated by SIF was mainly
controlled by temperature on the whole, while NDVI was mainly controlled by precipitation
and relative humidity. Different phenological periods based on SIF and NDVI showed
inconsistent responses to pre-season climate. SIF, as a novel remote sensing method,
compensates for the shortcomings of classic vegetation indices in phenology extraction.
Furthermore, this work may give scholarly references and proposals of major importance
for the advancement of phenology and the understanding of ecological responses to global
climate change.
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